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Abstract 
This work describes a data integration model using the Statistical Matching 
methodology (hot deck distance) to integrate two surveys conducted by ISTAT 
(EU-SILC) and the Bank of Italy (Household Income Survey). The construc-
tion of an integrated database based on these surveys is useful for studying 
consumer behavior in relation to specific commodity groups, analyzing house-
hold savings decisions, assessing economic and social inequality, and evaluat-
ing the impact of public policies through simulations. The coexistence of mul-
tiple and diverse objectives necessitates a highly general and versatile inte-
grated file, providing detailed information on spending patterns, savings lev-
els, income distribution, occupational conditions of household members, and 
more. 
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1. Introduction 

The aim of the work is, therefore, to verify the possibility of building an “inte-
grated database” with information relating to both consumption and income of 
Italian families, with particular attention to families considered “poor”. In this 
context, “poor” families are understood as those experiencing economic hardship, 
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typically defined by low-income levels and/or limited consumption capacity, con-
sistent with national poverty thresholds or criteria used by EU-SILC. This defini-
tion may include absolute poverty (inability to afford basic goods and services) as 
well as relative poverty (having significantly less access to resources compared to 
the national average). In Italy, the main sources of information for the construc-
tion of an integrated database of income and consumption are the Eu-Silc survey 
on Income and Living Conditions (Istat) and the Survey of Household Income 
and Wealth (SHIW), a long-standing independent microdata source on income 
and financial behavior conducted by the Bank of Italy. 

Since none of the surveys has sufficient coverage to allow the construction of a 
database of information relating to income and consumption, an attempt was 
made to integrate the data deriving from the two archives managed by Istat, spe-
cifically from EU-SILC and the Bank of Italy’s SHIW survey, starting from the 
assumption that these surveys are more reliable in terms of accuracy of the sample 
design and control of the representativeness of the sample [1] [2]. It should be 
noted that although EU-SILC is implemented by Istat in Italy, it is part of a har-
monised European statistical program coordinated by Eurostat. 

The statistically based methodologies used for the integration of data from mul-
tiple sources can be classified into two types: record linkage (exact matching) and 
statistical matching (statistical matching). Exact matching techniques aim to iden-
tify pairs of records related to the same statistical unit, contained in different da-
tabases, using specific algorithms [3]; statistical matching techniques, on the other 
hand, aim to identify records related to similar units, observed in different data 
archives [4] [5]. Both matching techniques, exact or statistical, allow us to obtain 
integrated archives, adopting statistically controllable assumptions. 

In the case under study, it was decided to cross-reference the records of the 
families resulting from the Eu-Silc survey and the records of the families resulting 
from the Bank of Italy survey. It is therefore interesting to verify the possibility of 
creating integration between the two archives, though always bearing in mind that 
the available data in both cases concern different samples from the same popula-
tion: in addition, neither of the surveys covers a sample such as allowing the con-
struction of a single database containing information relating to both income and 
consumption, a situation well-recognized in international literature as a common 
limitation of cross-sectional household surveys, particularly in contexts where mi-
cro-level budget and income data are independently collected [6]. 

2. Methods of Integration of Data from Different Sources 
2.1. Introduction 

The need to use techniques for integrating data from different sources is driven 
by the increased need for large-scale information and is felt in the most diverse 
sectors, from official statistics (estimating the size of a population) to epidemiol-
ogy, where it is commonly used in longitudinal studies to ascertain the effects of 
certain risk factors, a practice extensively adopted in health services research and 
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cohort studies [7]. 
The need to build integrated data archives can be attributed to various reasons 

[3]: 
1) Occasion: the creation of complex “welfare state” and taxation systems, 

which require large databases containing detailed information for individuals and 
businesses. 

2) Tool: technology has had a decisive development, making it easier to manage 
large databases. 

3) Need: governments have often assumed roles and functions that have in-
creased the need for information, which can be satisfied by the joint use of differ-
ent sources available, without requiring individuals or businesses to provide in-
formation already provided elsewhere. These motivations are also reflected in in-
ternational statistical guidance, such as the [8] recommendations for combining 
administrative and survey data sources. 

Let us now analyze in detail the two methodologies for integrating data from 
multiple sources: record linkage and statistical matching which represent two dis-
tinct approaches to data fusion, respectively based on unit-level identification and 
statistical similarity [2] [5]. 

2.2. Record Linkage 

A Record Linkage (R.L.) procedure or exact matching or computer matching is 
an algorithmic technique whose purpose is to identify which pairs of records, from 
two databases, correspond to the same statistical unit [4]. It is also defined as an 
“exact matching technique” because the goal is to exactly connect the units be-
longing to one database with those of another database [9] a definition consistent 
with the original probabilistic model introduced by [3]. 

The main objectives of Record Linkage are: 
1) The development of a list of units to be used for the extraction of samples or 

for the verification of census data (example: the archive of active companies in 
Italy, ASIA). 

2) The reconnection of two or more sources to have a single database, with more 
information at the unit level. 

3) The use of data from various sources as useful information to improve cov-
erage and increase protection against response errors in censuses and surveys. 

4) The counting of individuals in a population through capture-recapture 
methods (for example: the estimate of census under-coverage, carried out by 
matching census records with those of the post-census survey), a method widely 
used in demography and epidemiology [10]. 

The need to connect information relating to the same statistical unit from dif-
ferent sources is increasingly felt in the phases of collection, organization, control 
and analysis of statistical data. The exact matching of records is a fundamental 
step for the construction of longitudinal archives and is a preliminary operation 
for the analysis of the degree of coverage of total surveys and for the control of the 
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level of errors that may be generated. 
Depending on whether the number of records referred to each statistical unit is 

considered, one-to-one matches can be obtained (each statistical unit corresponds 
to only one record in each of the archives to be matched), one-to-many (each sta-
tistical unit can correspond to multiple records in one of the archives to be 
matched) or many-to-many (each statistical unit can correspond to multiple rec-
ords in both archives to be matched). 

The main phases identified in a Record Linkage process are: 
1. preparation of the input files (pre-processing); 
2. selection of common identifying attributes (matching variables); 
3. choice of the comparison function; 
4. choice of the decision model: estimation of the matching probabilities and 

evaluation of the model’s fit to the data; 
5. assignment of the pairs to the “matched” or “unmatched” status; 
6. evaluation of the results and selection of unique matches. 
The main Record Linkage methods used in different fields of application are 

the following: 
1) Merge by matching: it is based on the ordering of the files to be matched 

according to a common identification key. It is usually used when the files to be 
matched belong to the same information system; it is very efficient, although sen-
sitive to errors on the identification key. 

2) Deterministic matching: it is based on the concordance of a sufficient num-
ber of common variables. For example, if at least two of the three variables (name, 
surname and year of birth) are concordant, a comparison table is created from 
which the records that have at least two common variables are chosen. Determin-
istic matching can consider missing values and errors in the matching variables 
and allows the informative power of the variables to be graduated using scores 
established by statistical analysis on external data. The control of possible errors 
can only be carried out manually (clerical review). 

3) Probabilistic matching: as in deterministic matching, we work on the com-
parison of all possible pairs, using scores based on flexible criteria to establish the 
matches; The scores and thresholds used to choose the matches depend on the 
problem at hand. A (optimal) decision rule is established, and the error probabil-
ity is estimated, this method is formalized in the model by [3] and refined by [11]. 

Regardless of the technique used, it is always necessary to consider a series of 
practical problems such as the different data format (standardization of terms), 
the presence of data duplications (the same unit can be present multiple times in 
the same file) and the encoding of the variables (parsing), issues widely addressed 
in the operationalization of record linkage systems, [2]. 

To use Record Linkage methods, at least two surveys (statistical or administra-
tive) are required that have in common a non-empty set of units and a group of 
key variables detected in both archives. It is assumed that a subset of k variables, 
called matching variables, is common to the two archives. In the presence of 
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matching variables whose combination constitutes a certain and unique key, the 
problem of accurately recognizing records relating to the same unit is solved by a 
simple automatic deterministic matching operation. However, often in practice, 
even when the records in the two archives refer to the same unit, this coincidence 
does not occur due to missing values or errors in the matching variables. In these 
cases, it is generally appropriate to use a probabilistic matching procedure [12]. 

Let’s define A and B as two archives made up of Av  and Bv  records respec-
tively. We will therefore have: 

{ } , 1, 2, ,a Av a a v= = ⋅⋅⋅  

{ } , 1, 2, ,b Bv b b v= = ⋅⋅⋅  

The problem that Record Linkage must solve can be formalized in the following 
way. Consider all the pairs formed by units from list A and B respectively, if at 
least one unit is present in both lists; we will have all the pairs formed by units 
from list A and list B respectively: 

( ){ }, : ,A B a b a A b B× = ∈ ∈ . 

The goal is to determine a particular bipartition of the set into two disjoint and 
exhaustive subsets M and U, such that: 

M U∩ =∅  

M U A B∪ = × , 

where M is the set of pairings of the units detected in A and B, i.e. the set of 
MATCH pairs: 

( ){ }, : , ,M a b a b a A b B= = ∈ ∈  

while U is formed by the set of mismatches of the units detected in A and B, or 
the set of non-pairs (NON MATCH): 

( ){ }, : , ,U a b a b a A b B= ≠ ∈ ∈  

The fundamental tool used in R.L. is the comparison between the values as-
sumed by the key variables ( )1 2, , , kX X X  for each pair ( ),a b  with a A∈ , 
b B∈ . 

In general, we represent this comparison with the symbol: 

( ), ,1 , ,1 ,, , ; , ,A A B B
a b a a k b b ky f x x x x= ⋅⋅⋅  

Thus, low levels of diversity are expected for the pairs ( ),a b  in M and higher 
levels of diversity for the remaining pairs. The ( )f ⋅  is an important tool as a 
discriminant of the quality of the record linkage [5] [13] [14]. 

It is possible to verify whether a pair ( ),a b  is a match through the vector of 
K-component comparisons: 

( ) , ,1 2 1  se 
con 

 
, , ,  

0  altrimenti

A B
a h b hk h

ab ab ab ab ab
x x

y y y y y
 == ⋅⋅⋅ = 


 

where the comparison vector takes on the value of one in the case of pairs that 
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are matches; the value of zero in the case of non-match pairs due to , ,   A B
a h b hx x≠  or 

in the case in which one of the two elements is missing (partial non-response).  

2.3. Statistical Matching 

The idea of using statistical matching techniques to combine and enrich infor-
mation collected in multiple sample surveys is not recent: the first methodological 
suggestions date back to the early 1960 s. The first significant examples of appli-
cation are in [15], these early efforts laid the groundwork for subsequent develop-
ments in data fusion and synthetic file creation [1]. 

Statistical matching techniques are used to connect information from two or 
more data sets, whose units have similarities with respect to a series of variables 
defined a priori. The underlying assumption is that the sources to be integrated 
contain both information on a set of common variables and information on a set 
of distinct variables that are never jointly observed and that it would be interesting 
to be able to relate. Furthermore, there is never a single result when statistical 
matching is performed, since much depends on which data set is defined as the 
basis and on the choices made to “connect” the variables to the basic data set [16] 
a challenge widely discussed in literature, especially when dealing with non-over-
lapping variables and sample heterogeneity [5]. 

An important aspect in statistical matching is therefore represented by the qual-
ity of the entire process, which mainly depends on: 

1) The quality of the observations coming from the archives. 
2) The choice of integration algorithms. 
3) Methodologies used to analyze the quantities involved in the integration 

(correlation/regression coefficients, contingency tables, etc.). 
Evaluating quality therefore means understanding how these factors interact 

and influence the result. The quality of the archive from which the source data 
comes is fundamental, as it can seriously influence the result. This means that 
statistical matching can be applied only in those circumstances in which the 
source data set is characterized by an acceptable level of quality of the information 
contained, including proper harmonization of variables, consistency of defini-
tions, and handling of missing data [1] [6]. 

There are two approaches used for Statistical Matching: a micro approach 
whose objective is to build a complete and synthetic data set and a macro approach 
whose objective is to estimate the joint distribution of the variables not observed 
together or of some of its characteristics. The integration of statistical information 
at the micro level presupposes that the sources from which such information is 
drawn guarantee a good degree of harmonization, allowing for correct compara-
bility of data at the macro level of aggregates and indicators. A necessary condition 
is, therefore, that both the units of detection and analysis, as well as the variables 
that will be used as integration keys, use identical definitions and classifications 
or those that can be traced back to identities. 

In the case of statistical matching the initial assumption is to have two different 
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archives that contain information records on two groups of units selected from 
the same population. Therefore, the starting point of the issue is the existence of 
two archives: 

1. Containing information on common variables (the socio-demographic type 
of variables) as well as on different variables that are never been jointly observed, 

2. The sources’ units to be integrated are separated, or rather the sample surveys 
are independent among them [17], this is a typical case of “conditional independ-
ence” assumption often discussed in the literature [4]. 

Hence, in the statistical matching the individual records deriving from two or 
more sources are linked, based on their similarities, through a set of characteristics 
measured in each source. We consider here two datasets containing two files: file 
A and file B. To make the statistical matching of these files, it is necessary that 
common information regarding the units is available in each file. Let XA be the set 
of variables measured in file A and let XB be the set of variables measured in file B, 
it is assumed that these two sets of variables can be transformed in one set with 
common characteristics. We can indicate the individual’s characteristics meas-
ured in both datasets as the vector ( )1, , PX X⋅ ⋅ ⋅=X . The remaining variables in 
each file, that are not overlapping, are indicated as ( )1, , QY Y⋅ ⋅ ⋅=Y  in the file A 
and as ( )1, , RZ Z⋅ ⋅ ⋅=Z  in the file B. 

The common variables X, defined from now on as the integration variables, are 
used to identify the units to be linked, while the non-common variables (Y e Z), 
defined as the descriptive variables, represent the information that is the object of 
the matching procedures. Therefore, it determines a situation in which the infor-
mation that is simultaneously gathered on the same units for Y and Z is missing. 

The aim of the statistical matching is to create a file, the file C (the synthetic 
file) in which each record contains all variables X, Y and Z. For each unit in file 
A, a similar unit in file B is identified, whereas the similarity is evaluated in terms 
of a function of variables X. The variables Z in file B (defined as the donor) are 
then attributed to the matching record in file A, creating thus a record with full 
data (X, Y, Z), this is known as the “nearest neighbor donor imputation” strategy 
[4] [5]. 

Considering the two archives A and B (which in this study case are the archives 
of family consumption and income), we will match the common variables in order 
to link the descriptive variables. 

Some of the methods used for statistical matching are the following: 
1) Hot deck random; 
2) Hot deck rank; 
3) Hot deck distance. 
Starting, therefore, from two archives A and B, we try to create a pairing be-

tween the common variables, to connect the descriptive variables. The first 
method (hot deck random) consists in pairing, in a completely random way, the 
values relating to the unknown variable Z from one archive to another. The fusion 
of the two archives is obtained by randomly choosing, with repetition, a sample 

https://doi.org/10.4236/am.2025.1611043


S. L’Abbate et al. 
 

 

DOI: 10.4236/am.2025.1611043 838 Applied Mathematics 
 

of An  units from B and assigning each one to the units of A. By doing so, the 
possible number of pairings is equal to An

Bn . It is evident that such a solution is 
justified by a criterion of homogeneity external to the data, which is not entirely 
satisfactory. A variant of this model can be carried out by restricting the class of 
donors from B to a defined subset of B, with common variables determining the 
descriptive variables. For example, let’s keep the variable “sex” fixed so that it co-
incides in both A and B. Let’s then randomly select a donor among the units in B 
that have, for example, the same “sex” as the recipient units in A. 

The second method (hot deck rank) consists in connecting the records having 
values of the distribution function of the common variable that are closest to each 
other. Specifically, considering X as the common variable, it is necessary to: 

calculate the empirical distribution functions of X on A and B: 

( ) ( )

( ) ( )

1

1

1ˆ ,   

1ˆ ,    

A

B

nA
X aa

A

nB
X bb

B

F x I x x x X
n

F x I x x x X
n

=

=

= ≤ ∈

= ≤ ∈

∑

∑
 

for each 1,2, , Aa n= ⋅⋅⋅ , the record *b  is associated in B such that: 

( ) ( ) ( ) ( )*
ˆ ˆ ˆ ˆinfA A B B A A B B

X a X X a X bb b
F x F x F x F x− = −  

The method applied in this work is the hot deck distance which consists of 
matching the record a from A with the record *b  from B that is the “closest” 
considering the variety of common variables. Hence, we will have that: 

* *, 1
min

B

A B A B
a a ba b b b n

d x x x x
≤ ≤

= − = −  

Each unit of the base dataset (i.e. archive defined as the receiving one) is oper-
atively associated to another unit of the second dataset (i.e. the archive defined as 
the donor) by applying the distance function ( ),i jd x x  which is computed on 
the integration variables and assumes much lower values as the individuals are 
more similar among themselves (nearest neighbor match), a common approach 
in applied social science and economic datasets [6]. 

In the case of qualitative or categorical variables, distance measurement can be 
done in different ways. In general, when dealing with variables of this nature, it is 
customary to think in terms of similarity (similarity) between units rather than 
distance. 

In the presence of binary categorical variables (presence/absence of a certain 
characteristic), well-known similarity measures are [18]: 

1. Matching coefficient: 

( ) 00 11,M
p p

S A B
p
+

= . 

where 00p  and 11p  are respectively the number of variables for which A and B 
jointly present modality 0 and modality 1; this coefficient is the fraction of the p 
variables that present the same modality. 
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2. Jaccard coefficient: 

( ) ( )
11

00

,J
pS A B

p p
=

−
 

An extension of the matching coefficient for non-binary categorical variables is 
the following: 

( ) ( )
, A B

M

n x x
S A B

p
∩

= . 

where ( )   A Bn x x∩  indicates the number of characteristics common to the two 
units. 

Note that the number of different characteristics between the two units is one 
of the simplest distance measures; it is also called Hamming distance: 

( ) ( ) ( )
1

, ,
p

H A B Ak Bk
k

d A B p n x x x xδ
=

= − ∩ = ∑  

with a value equal to zero if A and B present the same modalities and a value 
equal to one otherwise: 

( )
0,

,
1,

Ak Bk
Ak Bk

Ak Bk

se x x
x x

se x x
δ

=
=  ≠

 

In literature (especially in the field of cluster analysis or discriminant analysis) 
in some cases it is suggested to transform the categorical variables into quantita-
tive ones, to be able to apply the Minkowsky metric or the Mahalanobis distance. 

Each pair identified will give rise to an integrated record, containing infor-
mation collected in both surveys. The resulting integrated file will be representa-
tive of the same population as the base file but will also have observations on new 
variables coming from units similar to those present in the base file [17]. 

3. The Integration of the EU-SILC and Bank of Italy Archives 
3.1. Introduction 

The reasons underpinning the development of an integrated database from the 
two surveys under study are numerous. In particular, the possible uses of the in-
tegrated file include the study of consumer behavior in relation to specific groups 
of goods, the analysis of decision-making on household savings, the analysis of 
economic and social inequality as well as the study of the impact of public policies 
through simulations. The coexistence of multiple and diverse objectives creates 
the need to obtain a highly generalized and versatile integrated file, which pro-
vides detailed information each time on the various items of expenditure, savings 
rates, income distribution, employment conditions of family members and so on, 
a flexibility increasingly demanded in microsimulation models for social and tax 
policy analysis. 

Since the two surveys confirm a significant difference between the samples, it is 
necessary to identify a file of a survey as a base (typically that considered more 
reliable from the point of view of their representativeness) using another file as a 
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donor. The ISTAT survey proves to be more reliable than that of the Bank of Italy 
in terms of accuracy of the sample design and control of the representativeness of 
the sample yet matching each ISTAT unit with a similar Bank of Italy unit would 
require replicating each Bank of Italy unit three times with obvious consequences 
in terms of variability in the integrated file. Accepting this level of replication 
would have significantly increased the sampling variability and compromised the 
stability of derived indicators, making the ISTAT file a less desirable base despite 
its higher representativeness. The choice of the Bank of Italy as a base file would 
not, however, present such problems, an issue also linked to the relative sample 
sizes and survey design effects, which may amplify the variance introduced by du-
plication [1]. For these reasons, an alternative matching may involve matching 
each Bank of Italy unit with a selection of spending variables from the ISTAT file. 
These variables should not be those originally reported (excessively detailed) but 
rather, their aggregation into appropriate consumption categories, similar to 
those of the standard files, a step aligned with international practice for harmo-
nizing consumption data across surveys. 

Among the methods, the most appropriate method for the integration between 
the two files under study appears to be that based on the definition of a distance 
function (distance hot deck), which allows for checking the similarity between the 
units of the first and second sample by assigning to each unit of a sample a suffi-
ciently similar unit of the other sample. The unit to be matched will not necessarily 
be at zero distance from the unit under observation, but the threshold values for 
the distance function may be determined. Each pair thus identified will create an 
integrated record, containing both common information, as detected in both sur-
veys, as well as those specific to each source, a matching logic widely implemented 
using nearest-neighbor or propensity score-based techniques in synthetic data 
generation [5] [6]. 

3.2. Harmonization of Common Information 

The first phase necessary for carrying out of statistical matching is the so-called 
stage of harmonization of information deriving from the two archives. This pro-
cess is essential to check the real level of comparability in the survey. The individ-
ual steps of the process of harmonization may be summarized as: 

1. Analysis of input sources. Input sources arising from individual archives are 
analyzed in terms of the quality of key information gathered, completeness and 
eligibility. 

2. Selection of variables from input sources. Two datasets deriving from differ-
ent archives are prepared by selecting only common variables (e.g. sex, age, mar-
ital status, etc.) and the integration variables (such as income and consumption). 

3. Harmonization of common variables. The common variables selected are 
aligned in terms of classification. For example, in the Bank of Italy survey, the 
code relating to educational qualifications is identified with codes increasing ac-
cording to the increasing level of education (no qualification, primary school, sec-

https://doi.org/10.4236/am.2025.1611043


S. L’Abbate et al. 
 

 

DOI: 10.4236/am.2025.1611043 841 Applied Mathematics 
 

ondary school, vocational diploma, high-school diploma, university diploma, de-
gree and post-graduate studies), while the codes in the ISTAT survey decrease. 
This leads, therefore, to the reversal of the codes of one of the two sources. This 
step is widely documented in statistical data integration literature as “semantic 
harmonization”, and it is considered essential to ensure structural comparability 
across datasets [5] [14] [19]. 

Compared to the random and rank-based hot deck methods, the distance hot 
deck approach was preferred as it ensures a higher degree of similarity between 
matched units across multiple integration variables. This feature is particularly 
aligned with the goals of this study, which require preserving the joint structure 
of socio-demographic characteristics when imputing income and consumption 
data, a critical factor for reliable economic and inequality analyses. 

Starting, therefore, from the two datasets of harmonized information, the fol-
lowing choices were made: 

1. Identification of the stratification variables; 
2. Identification of integration variables (or matching); 
3. Identification of descriptive variables (or analysis). 
Specifically, given: 
1) Set1 = “Bank of Italy”. 
2) Set2 = “EU-SILC”. 
The stratification variables were defined as: 
1) Region of residence of the family; 
2) Number of members per household. 
With the integration variables (common variables) as the following: 
1) Matching (1) = gender. 
2) Matching (2) = age classes. 
3) Matching (3) = marital status. 
4) Matching (4) = educational qualification. 
Finally, the different information obtained from the two different datasets was 

matched. In particular, the following descriptive variables from the EU-SILC sur-
vey archive were considered: total income, income from employment, income 
from self-employment and retirement income. Information relative to the follow-
ing descriptive variables was, however, considered from the Bank of Italy archive: 
income from employment, income from self-employment, income from pensions 
and transfers, capital income and savings capacity. Such variable selection reflects 
standard practices in statistical matching applications where variables are grouped 
into “matching variables” and “non-overlapping variables” to be imputed across 
files [1] [5]. 

As previously stated, a threshold value was defined for a highly restrictive dis-
tance function, equal to 0 (specifically, considering the 4 matching variables only 
the matches with a distance equal to 0 were considered) in order to consider all 
the matching variables as valid. This corresponds to exact matching under deter-
ministic distance, often referred to in literature as “constrained hot deck” with 
strict similarity threshold [6]. 
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3.3. First Results of the Integration of Archives 

Having completed the matching procedure, evaluation was carried out of validity 
in terms of both the preservation of the distribution between the different cells 
identified by vector X, and in terms of maintaining pre-existing relationships be-
tween the variables of interest. This step, often referred to as “consistency check-
ing” or “distribution preservation validation”, is essential in statistical matching 
and typically involves the comparison of marginal and joint distributions across 
datasets [5] [14]. A comparison was then made between the percentage distribu-
tion relative to the region of residence and the number of family members in the 
integrated dataset and in those of the EU-SILC and Bank of Italy surveys. 

The integrated archive is, therefore, composed of several records distributed 
homogeneously in comparison to those of origin. The comparison between the 
descriptive variables concerning the income component is of particular signifi-
cance. Proceeding to classification of the total household income into classes it 
may be noted that the data from the two base archives differ from each other in 
terms of income distribution (Figure 1). 

 

 
Source: Our elaboration of integrated archive data of EU-SILC and Bank of Italy. 

Figure 1. Composition percentage of records of EU-SILC and the Bank of Italy surveys by 
family income class. 

 
Furthermore, small differences emerge from a comparison of the distribution 

of incomes of the two base archives with the integrated archive (Table 1). In par-
ticular, the integrated archive presents, in comparison to EU-SILC, an underesti-
mation of low-income households (7.5% compared to 13.4% for EU-SILC) and an 
overestimation of families with incomes of between €3,000 and €4,000 (19.9% 
against 14.7% for EU-SILC). Conversely, the integrated archive, in comparison to 
the Bank of Italy archive, presents an overestimation of low-income households 
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(12.7% against 10.4% for the Bank of Italy) and an underestimation of households 
with incomes of between €2,000 and €3,000 euro (22.9% compared to 25% for the 
Bank of Italy). Such discrepancies are commonly encountered in statistical match-
ing and are often attributed to the non-identical sampling designs and response 
behaviors across source surveys [1]. 

 
Table 1. Composition percentage of records of EU-SILC and the Bank of Italy surveys and 
integrated archives by family income class. 

Income Classes EU-SILC Integrated archive Bank of Italy 
Integrated 

archive 

0 - 1000 13.4 7.5 10.4 12.7 

1000 - 2000 31.1 26.4 31.4 31.9 

2000 - 3000 23.3 26.1 25.0 22.9 

3000 - 4000 14.7 19.9 15.5 14.4 

4000 - 5000 8.4 9.7 8.2 8.6 

Oltre 5000 9.1 10.4 9.5 9.4 

Total 100 100 100 100 

Source: Our elaboration of integrated archive data of EU-SILC and Bank of Italy. 

 
These differences, particularly the underestimation of low-income households 

in the integrated file compared to the EU-SILC archive, may have relevant impli-
cations for the subsequent cluster analysis. Specifically, poverty profiles identified 
in Section 4 may be biased toward moderate, or higher, income groups, potentially 
reducing the visibility of the most vulnerable segments of the population. As a 
result, policy recommendations drawn from the clusters should be interpreted 
with caution, especially when targeting interventions toward households in ex-
treme economic hardship. 

4. The Construction of Hardship Profiles 
4.1. Cluster Analysis 

The next step of the integrated archive analysis was to consider a clustering pro-
cedure with the objective of outlining various poverty profiles, not defined a pri-
ori, to assign each family with socio-economic behavior resulting from the match-
ing between the two archives [20]. 

Cluster analysis is highly effective since it provides “relatively distinct” (or het-
erogeneous) clusters, each consisting of units (families) with a high degree of “nat-
ural association”, a property that makes clustering particularly suitable for socio-
economic segmentation [21]. 

The different approaches to cluster analysis share a common need to define a 
matrix of dissimilarity or distance between the n pairs of observations, which rep-
resents the point at which each algorithm is generated [17] [22]. 
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The most recent studies in the field of data mining are directed towards the 
search for algorithms able to deal with both very large datasets and datasets con-
sisting of mixed variables. An algorithm of this type is the k-prototypes [23] [24] 
in which it is assumed that the measure of dissimilarity on numerical attributes is 
defined by Euclidean distance, while that of the categorical attributes cs  is de-
fined as the number of “wrong unions of categories” between two objects. The 
measure of dissimilarity between two objects is, therefore, defined as: 

( )1n cs sγ γ+ −  

where, γ  is a weight that has the objective of avoiding a favoring of one or the 
other type of attribute. One downside of such an algorithm lies precisely in the 
arbitrariness in the choice of a suitable weighting. 

Several extensions to the k-prototypes model have been proposed to handle un-
certainty in mixed data, such as fuzzy clustering approaches or automated λ se-
lection [25]. 

A cluster analysis technique that shows no signs of weakness in this sense is 
defined as TwoStep. This is an extension of the distance measures used by [26] 
based on the model introduced for data with continuous attributes. 

The TwoStep algorithm has two advantages: it treats variables of mixed type 
and automatically determines the optimal number of clusters, although it allows 
for fixing the desired number of clusters [27]. 

The TwoStep procedure, highly efficient for large datasets, is a cluster analysis 
scalar algorithm and is able to simultaneously treat variables or categorical and 
continuous attributes. This is achieved through two steps: 

1. In the first step, defined as pre-cluster, records are pre-classified into many 
small sub-clusters; 

2. In the second step the sub-clusters (generated in the first step) are grouped 
into several clusters that optimize the BIC (Bayesion Information Criterion) [28] 
[29]. 

The pre-clustering phase is a process of segmentation in which the results of 
the algorithm may result in an initial partition of the space where the variables are 
defined (considering the order of their importance) or the distance between the 
cases. This partition is represented by a tree known as the Cluster Features Tree 
defined by levels of nodes. All cases, starting from the node to the root, are chan-
neled through other nodes until they become terminal nodes as they consist of 
very close cases (within a distance threshold). If there is a suitable match, the rec-
ord most “distant” from the others is used to begin a terminal node itself. If the 
terminal node exceeds the distance threshold, the terminal node is split into two, 
using the farthest pair according to the selected criterion and redistributing the 
remaining ones on the basis of the criterion of proximity. If this recursive process 
helps the tree to grow beyond the full extent granted or, rather, within the calcu-
lation memory limits employed, it is reconstructed based on the existing one, in-
creasing the distance threshold, thus allowing the entry of new records. This pro-
cess ceases when all records have been examined. 
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In the second step the sub-clusters produced in the pre-clusters are further clas-
sified. In this second stage, given the modest dimensions, traditional methods of 
clustering can also prove effective. 

The TwoStep considers the optimal partition by using the Bayesian Information 
Criterion (BIC) that for k cluster is defined as: 

2 logK k kBIC l r n= − +  

where kr  is the number of independent parameters and 1
k

k vvl ξ
=

= ∑  is the  

function of log-likelihood, for the step with k clusters, which can be interpreted 
as the is the function of log-likelihood, for the step with k clusters, which can be 
interpreted as the dispersion within the clusters. It also represents the entropy 
within the k clusters in the case in which only categorical variables are considered 
( vξ  will be analyzed below) [30] [31]. 

4.2. Application with a Clustering Technique for Mixed Variables 

The clustering technique has allowed for outlining various poverty profiles with 
which to associate the families of the EU-SILC-Bank of Italy integrated archive. 

In particular, the characteristics of the different clusters relate to the composi-
tion of the family, their educational level, the age of the respondent and the age 
group, detected in the two surveys. This therefore leads to the following profiles: 

1) Cluster 1: Pensioners. The main profile is characterized by households with 
one or two components (widows or widowers), with a head of the family with a 
low level of education and more than 61 years of age, whose family income is less 
than € 2,000 per month. Typical profile of elderly individuals with limited pen-
sions, at risk of economic hardship. 

2) Cluster 2: Large families. The main profile is characterized by large families, 
with a head of the family with a low level of education and more than 46 years of 
age, whose family incomes are differentiated, but greater than €2,000 per month. 
Economic risk due to expenses for children and family management. 

3) Cluster 3: Graduates. The main profile is characterized by single family mem-
bers or small families with a head of the family with a high educational level and 
more than 31 years of age, whose incomes are differentiated, and are, in many 
cases greater than €5,000 Euros per month. High socio-economic status profile, 
with good financial stability. 

4) Cluster 4: Low level of education. The main profile is characterized by single 
family members or small families (60% with less than two members), with a head 
of the family with a low level of education and more than 46 years of age, whose 
incomes are differentiated. Vulnerable profile, facing economic difficulties due to 
low education and limited job opportunities. 

5) Cluster 5: High-school graduates. The main profile is characterized by small 
families, with a head of the family with high-school level education and more than 
31 years of age, whose incomes are higher than those in cluster 4 (50% with in-
comes of over €3,000 per month). Intermediate situation between financial stabil-
ity and economic vulnerability. 
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Cluster Analysis allowed for the identification of distinct groups of families with 
similar characteristics in terms of income, education, and family structure. The 
results highlight how the economic situation of Italian families is strongly influ-
enced by factors such as level of education, number of household members and 
age of the head of household, see also [32] [33], who underline the multidimen-
sionality of poverty profiles in EU and OECD contexts). 

The clusters also reveal potential economic hardship situations, such as retirees 
with low pensions and large families with high financial burdens. In contrast, fam-
ilies where the head has a university degree tend to have more stable financial 
conditions (consistent with findings in [34] regarding income resilience and hu-
man capital). 

This analysis can be useful in guiding social and fiscal policies aimed at reduc-
ing economic inequalities and supporting the most vulnerable categories [35]. 

5. Conclusions 

This paper aimed to construct an integrated database combining income and con-
sumption data from two major Italian surveys—EU-SILC and the Bank of Italy’s 
SHIW—using statistical matching techniques. By employing the hot deck distance 
method, we generated a synthetic dataset that allows for richer analyses of house-
hold economic conditions, particularly in identifying profiles of economic hard-
ship. This has led to an in-depth analysis of the phenomenon, from both an IT 
and statistical perspective, see [2] [5] for a comprehensive review of matching 
techniques in official statistics. 

The reasons for constructing an integrated database from the two surveys ana-
lyzed are numerous. These include analyses of household saving behavior, studies 
on economic and social inequalities, and assessments of public policy impacts 
through data simulations. The presence of multiple differentiated objectives ne-
cessitates the creation of a flexible and detailed integrated file, providing useful 
information on expenditures, savings rates, income distribution, and employment 
conditions of family members. The availability of high-quality individual data on 
income and consumption is, therefore, more essential than ever [8]. 

Statistical Matching is a valuable tool for integrating data from multiple sources 
[13]. However, in analyzing this methodology, some critical issues emerge, includ-
ing: 

1) Harmonization of data sources, a process that is costly in terms of both time 
and economic resources, especially when sources use different measurement 
scales for common variables or differing approaches in handling missing data and 
error correction [14] [19]. 

2) Choice of integration model, which varies depending on the type of available 
information. If auxiliary information is available, it should be used in the Statisti-
cal Matching process, as it provides fundamental knowledge of the studied phe-
nomenon [1] [36]. 

3) Evaluation of the quality of the integrated database, which remains an open 
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challenge. Although methods exist to estimate standard deviation and variance, 
there is still room for improvement, particularly in estimating variance resulting 
from imputing missing data [37]. 

Creating an integrated dataset is not only beneficial for end users but also for 
data producers and managers. Methodological comparisons, analysis of informa-
tional needs, and the complementarity of different surveys can serve as important 
stimuli for improving the quality of statistical surveys [38]. 

The results obtained demonstrate how it is possible to identify social stratifica-
tions based on different factors that simultaneously influence consumption be-
havior and average family income, such as household composition, territorial area 
of residence, and the occupational status of the household head. In particular, the 
simulation results allow for the identification of well-defined profiles of economic 
hardship in terms of family type and territorial location [32] [35]. 

Through this analysis, an attempt was made to quantify the influence of geo-
graphical distribution and household type (number of family members) on in-
come determination. While estimates of poverty risk based on objective indicators 
such as income or consumption expenditure are essential, it is equally useful to 
detect families’ subjective perception of their standard of living and economic dif-
ficulties. These subjective factors provide valuable insights not only for better il-
lustrating and understanding the poverty phenomenon but also for informing 
public policies aimed at combating it [39] [40]. 

In recent years, both in scientific and political fields, there has been growing 
interest in poverty and, more generally, in social exclusion phenomena. However, 
many studies face a lack of detailed statistical data especially in relation to multi-
dimensional poverty measures, as discussed in [41]. 

Poverty analysis is often based on macro-level general surveys. However, in It-
aly, conducting micro-level surveys, as has been done for years in the United 
States, would be of particular interest. This would allow for the refinement of so-
cial policies and the development of more effective strategies to combat inequality 
[33] [42]. 

It is hoped that the differences in poverty profiles emerging from analyses con-
ducted using different criteria may serve as a stimulus for developing new solu-
tions, capable of offering benefits not only to the scientific community but to so-
ciety. 

Despite some limitations, such as the underestimation of low-income house-
holds due to sample differences, the integrated archive provides a valuable tool for 
socioeconomic research and the design of targeted public policies. Future work 
should further refine matching techniques and incorporate additional sources to 
enhance the precision of poverty measurement and policy simulations. 
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